Motivation: As an increasing amount of protein-protein interaction (PPI) data becomes available, their computational interpretation has become an important problem in bioinformatics. The alignment of PPI networks from different species provides valuable information about conserved subnetworks, evolutionary pathways and functional orthologs. Although several methods have been proposed for global network alignment, there is a pressing need for methods that produce more accurate alignments in terms of both topological and functional consistency. Results: In this work, we present a novel global network alignment algorithm, named ModuleAlign, which makes use of local topology information to define a module-based homology score. Based on a hierarchical clustering of functionally coherent proteins involved in the same module, ModuleAlign employs a novel iterative scheme to find the alignment between two networks. Evaluated on a diverse set of benchmarks, ModuleAlign outperforms state-of-the-art methods in producing functionally consistent alignments. By aligning Pathogen-Human PPI networks, ModuleAlign also detects a novel set of conserved human genes that pathogens preferentially target to cause pathogenesis.
Introduction
Protein-protein interaction (PPI) networks provide insight into the complex organization of biological processes in a cell at the system level. They are an effective tool for understanding the comprehensive map of functional interactions, and for identifying functional modules and pathways. The alignment of PPI networks facilitates the detection of evolutionary and functionally conserved pathways or complexes and the prediction of protein function.
PPI network alignments can be either local or global. The aim of local network alignment methods such as NetworkBlast (Sharan et al., 2005) and AlignNemo (Ciriello et al., 2012) is to find small and dense subnetworks corresponding to a pathway or motif. In contrast, global network alignment (GNA) aims to maximize the overall match between the input networks. GNA methods such as IsoRank (Singh et al., 2007 (Singh et al., , 2008 , GRAAL family aligners (Kuchaiev et al., 2010; Kuchaiev and Pr zulj, 2011; Malod-Dognin and Pr zulj, 2015; Memi sevi c and Pr zulj, 2012; Milenkovi c et al., 2010) , NETAL[10] , GHOST[11] , HubAlign (Hashemifar and Xu, 2014) , MAGNA þþ (Vijayan et al., 2015) and L-GRAAL [9] are designed for pairwise alignments while others such as ConvexAlign (Hashemifar et al., 2016) and IsoRankN[15] are able to align multiple networks.
IsoRank is the pioneer algorithm for aligning PPI networks globally. It is based on the eigenvalue concept of local neighborhood alignments. MI-GRAAL [5] and L-GRAAL [9] integrate network topology information such as graphlet signature and sequence similarity to align two proteins. L-GRAAL is unique in that it takes into account the mapped interactions and uses an integer programming method to compute the alignment. GHOST uses graph spectrum to assess the neighborhood similarity of proteins and finds an alignment through quadratic programming. NETAL is the first global aligner that iteratively updates the topological information during the alignment. HubAlign uses a minimum-degree heuristic to estimate the functional and topological importance of a protein from the global network topology. It aligns the topologically important proteins first and iteratively extends the alignment to the whole network. MAGNA þþ uses a genetic algorithm to search for the optimal alignment.
Although several GNA methods have been developed, there is still a need to improve the scoring function, alignment strategy and computational efficiency. Furthermore, current GNA methods do not fare well in detecting proteins that participate in the same pathways, i.e. are produced from orthologous genes.
This work introduces ModuleAlign, a novel pairwise global network alignment approach. Its novel scoring scheme integrates sequence information and both local and global network topology. Based on a hierarchical clustering of the input networks, we compute a homology score between proteins. We propose an iterative approach to find an alignment that scores high in our model while trying to preserve interactions. In our experiments on a diverse set of benchmarks, ModuleAlign outperforms state-of-the-art methods such as GHOST, MAGNA þþ, NETAL, HubAlign and L-GRAAL in terms of both alignment accuracy and functional consistency.
Method
Main idea: Proteins with similar sequences are more likely to have a similar function (Jaroszewski et al., 1998) . Most of the network alignment methods thus consider sequence similarity (e.g. blast bit score) to detect homology between proteins. However, this score is not sensitive enough for remote homologs such that they may miss functionally similar proteins. In addition to the sequence of a protein, its interaction partners within a module or cluster indicate its function. Therefore, the homology of the partners of a gene in its corresponding modules can help to assess the homology of two proteins. In this work, we introduce a homology score that takes into account the local neighborhood within hierarchical clusters of a PPI network. This score is based on the observation that proteins with similar functions tend to form densely connected subnetworks (Park and Bader, 2011) . We combine the homology score and a previously introduced topology score (Hashemifar and Xu, 2014) into an alignment score and propose a novel iterative strategy to optimally match proteins. Starting from an optimal bipartite matching of proteins, ModuleAlign iteratively selects highest-scoring protein pairs and adjusts alignment scores in their neighborhood to promote conservation of interactions.
Definitions: We represent a protein-protein interaction network by an undirected graph G ¼ ðV; EÞ where nodes in V represent proteins and edges in E their interactions. Let NðuÞ represent the neighborhood of node u in G and degðuÞ the degree of node u; i.e. deg u ð Þ ¼ jNðuÞj. A global alignment between two networks G 1 ðV 1 ; E 1 Þ and G 2 ðV 2 ; E 2 Þ is an injective function g ¼ V 1 ! V 2 that maps node set V 1 to V 2 . Let M be the set of aligned proteins, i.e. M ¼ fðu; g u ð ÞÞ : u 2 V 1 ; gðuÞ 2 V 2 g. The hierarchical structure of network G is represented by a set of clusters C ¼ cl 1 ; cl 2; . . . ; cl m È É . Each cluster cl consists of a subset of proteins in the corresponding network.
Hierarchical clustering of the network
It is well known (Dutkowski et al., 2013) that PPI networks have a hierarchical structure, which can be represented by a binary tree with leaves corresponding to the proteins and each internal non-leaf node to the clusters (see Fig. 1a ). Each cluster contains the proteins at the leaves of the subtree rooted at the corresponding node, split between its left and right child. We use HAC-ML (Park and Bader, 2011) to infer the binary tree underlying a given network in which clusters have two main properties: (i) proteins within a cluster are relatively more densely connected than proteins in different clusters.
(ii) Every cluster, except for those close to the root, corresponds to a specific network motif with its proteins performing similar functions (Park and Bader, 2011) .
Novel cluster-based homology score
After determining the clusters in each input network, we calculate the similarity between each pair of clusters clC 1 and cl'C 2 , where C 1 and C 2 represent the hierarchical structure of networks G 1 and G 2 , respectively. Knowing that proteins within each cluster have similar functions and thus their sequences are expected to show a certain degree of similarity, we compute the similarity clusterSim cl; cl' ð Þbetween a pair of clusters as the average blast score between contained proteins: where blastðu; vÞ is the blast score between proteins u and v. We remove very high-level clusters (i.e. those on level higher than 3) as they contain a large number of genes. Note that clusterSim measures sequence similarity of proteins within functional modules of the network (see (Park and Bader, 2011) ). This strategy implicitly takes into account network structure and avoids the blurring of the homology signal by comparing unrelated (or weakly related) proteins. At the same time, clusters that are similar according to clusterSim contain proteins with both similar sequences (definition of clusterSim) and similar interaction neighborhoods (definition of clusters by (Park and Bader, 2011) ). We use the hierarchical clusters to define a new homology score between proteins that does not solely rely on sequence information. We define the homology score between proteins u and v based on the similarity (as measured by clusterSim) between all clusters that contain u and v
Intuitively, two proteins that belong to many similar clusters are expected to have a similar function.
Novel alignment strategy
We propose an alignment score between proteins that combines our homology score with a score based on global topological similarity. The topology scores are calculated in the same way as in HubAlign ð Þand run one primal-dual iteration of the Hungarian method to update the alignment (see main text for details) (Patro and Kingsford, 2012) . For each node and every edge in the network, HubAlign calculates weights that it uses to infer the topological importance SðvÞfor all nodes v 2 V Topological scores are normalized by max v2V S v ð Þ f g:Finally, HubAlign defines the topological similarity score TS ðu; vÞ between two proteins u 2 V 1 and v 2 V 2 as the minimum of SðuÞ and SðvÞ. We define the alignment score as follows:
where 0 a 1 is a tradeoff parameter that controls the contribution of global topological similarity relative to the homology score. In our implementation, we empirically set a to 0.4 by default.
Our alignment strategy relies on a two-step process (see Fig.  1 (b)): In the first step, we apply the Hungarian method to compute an optimal matching M 0 of proteins in the two networks with respect to alignment scores. The Hungarian method is a primal-dual algorithm that starts with an empty matching and iteratively increases the size of the matching using maximum-weight augmenting paths. We refer the interested to read (Schrijver, 2003) for details on the Hungarian algorithm. The goal of the first step is to align proteins that are topologically and functionally consistent. In the second step, we additionally try to maximize the number of evolutionary conserved interactions using the initial alignment as our guidance. Starting from M 0 , we iteratively fix the heaviest edge ðu b ; v b Þ in the current alignment, i.e. the pair of proteins with largest alignment score. For each neighbor u of u b , we remove ðu; gðuÞÞ from the current alignment and upweight the alignment score between u and all neighbors v of v b :
where max u 0 2V1[V2 fSðu 0 Þg is the same normalization factor as used in the topology score. Intuitively, we increase the alignment score by one normalized unit since aligning neighbors u of u b and v of v b would yield one additional conserved interaction. Then, one primaldual iteration of the Hungarian algorithm is performed to reoptimize w.r.t. the updated alignment scores. This procedure is repeated until all proteins of the smaller network are matched by the final alignment M Ã . See Algorithm 1 for more details. Without loss of generality, we assume jV 1 j < jV 2 j.
Time complexity
Let n ¼ maxðjV 1 j; jV 2 jÞ. It takes O n 3 logðnÞ À Á to compute the hierarchical clustering of the input networks. Moreover, calculating the topological scores takes O n 2 À Á . Thus, the time complexity for finding the alignment scores is O n 3 logðnÞ À Á . The first step of the alignment strategy takes O n 3 À Á . In the second step, finding the best scoring pair takes OðnÞ and updating the alignment scores can be done in O n 2 À Á . Finally, running one iteration of the Hungarian method takes OðnÞ. Therefore, the time complexity of Algorithm 1 is Oðn 3 Þ, yielding an overall time complexity of ModuleAlign of O n 3 logðnÞ À Á .
Result
We compare ModuleAlign with several popular and publically available global network alignment methods NETAL [10] , GHOST[11] , HubAlign (Hashemifar and Xu, 2014) , MAGNA þþ (Vijayan et al., 2015) , and L-GRAAL [5] . These methods have been shown to outperform other methods such as IsoRank and MI-GRAAL on several datasets (Hashemifar and Xu, 2014; Malod-Dognin and Pr zulj, 2015) . As recommended by the authors, we configured the genetic algorithm implemented in MAGNA þþ to optimize the S 3 score (see definition below), running over 15 000 generations with a population size of 2000. Parameters of other methods are set to their default values. We evaluate the network alignment quality by several functional consistency and topological measures proposed in different studies (Hashemifar and Xu, 2014; Kuchaiev et al., 2010; Saraph and Milenkovi c 2014) . Functional consistency metrics are particularly important in the context of network alignments since one of their main purposes is the transfer of functional annotations and modules between networks. We employ KEGG Orthology (KO) annotations to measure the functional consistency of an alignment and examine the conservation of pathways by an alignment. KO annotations integrate pathway and genomic information in KEGG which is well known for its comprehensive pathway database (Kanehisa et al., 2011) . About 68% of the genes in our benchmark are annotated by at least one KO. KO represents a group of orthologous genes and its direct link to KEGG allows for the identification of pathways that might provide therapeutic targets. The following functional consistency measures are based on the observation that orthologous genes often share identical KO annotations. In the following, a 'class' consists of a pair of aligned proteins.
Precision: We say a class is annotated if both of its proteins have KO annotations assigned. An annotated class is consistent if both of its proteins share at least one common KO annotation. Precision is defined as the fraction of proteins in consistent classes among proteins in annotated classes.
Recall: Recall is defined as the total number of proteins in consistent classes divided by the total number of proteins assigned at least one KO annotation.
Additionally, we employ a measure based on gene ontology (GO) terms. GO terms describe biological properties of proteins such as biological process (BP), molecular function (MF) and Algorithm 1.
Step 1. Run the Hungarian algorithm to obtain M 0 .
Step 2.
ð Þand perform one primal-dual iteration of the Hungarian algorithm with respect to updated alignment scores (see step 2) to obtain M '' .
cellular component (CC). We exclude root GO terms from the analysis. About 75% of genes in our benchmark are annotated with at least one GO term. Based on the observation that proteins with similar GO terms are more likely to be functionally related, we apply the following quality measure. Average of functional similarity (AFS): AFS is based on the semantic similarity of GO terms, which depends on their distance in the ontology. We use Schlicker's similarity based on the Resnik ontological similarity to calculate the functional similarity (see Supplementary Section A). Let s c ðu; vÞdenote the GO functional similarity of proteins u and v in category c (i.e. BP, MF or CC). AFS of an alignment in category c is defined as follows (Hashemifar and Xu, 2014) :
We also evaluate the topological quality of an alignment by the following measures.
Edge correctness (EC): EC is defined as the percentage of edges in the first network that are preserved by the alignment (Kuchaiev et al., 2010) . Let g : V 1 ! V 2 be an alignment between to networks
Symmetric substructure score (S 3 ): S 3 penalizes the alignment of sparse regions to denser ones and vise versa. A larger S 3 indicates the ability of an aligner to map sparse regions onto each other. Let G½V denote the subnetwork of G induced by node set V and let EðGÞ represent the edge set of network
is defined as follows (Vijayan et al., 2015) :
Largest common connected subgraph (LCCS): LCCS is calculated as the number of edges in the largest common connected subgraph that is preserved under the alignment (Kuchaiev et al., 2010) . Larger and denser subgraphs provide more insights into the common topology between networks and are biologically more meaningful (Hu et al., 2005) .
Alignment quality
The test data includes five PPI networks for Homo sapiens (human), Saccharomyces cerebvisiae (yeast), Drosophila melanogaster (fly), Caenorhabditis elegance (worm) and Mus musculus (mouse) obtained from HINT [23] . HINT integrates the interactions from several databases, including BioGRID[24], IntAct (Kerrien et al., 2011), and MINT[26] , and manually removes erroneous interactions. The sizes of these networks are shown in Supplementary Table S1 . Figure 2 shows precision and recall of the alignments generated by the different methods. ModuleAlign significantly outperforms all other methods and predicts consistent classes with higher accuracy.
The consistent classes provide valuable information concerning the orthologous relationship of proteins from the two species. Taking this a step further, consistent classes allow the detection of evolutionary pathways conserved between species. In the yeasthuman alignment produced by ModuleAlign, we find many conserved pathways such as RNA transport and RNA degradation. Tables 1 and 2 show the consistent classes whose KO is linked to the RNA transport pathway (i.e. 'hsa03013' in human and 'sce03013' in yeast) and to RNA degradation (i.e. 'hsa03018' in human and 'sce03018' in yeast), respectively. The definitions for all KO can be found at [27] .
To measure the AFS of an alignment, we extract the GO terms from the Gene Ontology database (Botstein et al., 2000) . We only consider aligned pairs in which both proteins have a GO term assigned. As shown in Figure 3 and Supplementary Figure S2 , ModuleAlign yields better alignments than other methods in terms of AFS in categories BP, MF and CC. ModuleAlign finds more functionally consistent protein pairs for all pairs of networks which facilitate the identification of conserved functional modules (see Fig. 5 ). Figure 4 shows that ModuleAlign produces alignments with larger EC and LCCS values than other methods except for NETAL. A larger EC value indicates that ModuleAlign is able to map densely connected proteins that potentially belong to similar structural or functional modules. While NETAL yields more aligned interactions than ModuleAlign, it is among the methods with lowest AFS indicating that many of the aligned proteins are not functionally similar (see Fig. 3 ). Similarly, Supplementary Figure S1 compares the S 3 score achieved by the different methods. For the majority of the instances, ModuleAlign achieves the second best score after NETAL, demonstrating ModuleAlign's ability to preserve sparse regions. Again, NETAL achieves a higher S 3 score, but at the cost of a very low AFS (see Fig. 3 ). Overall, ModuleAlign is among the best aligners with respect to topological measures. More importantly, ModuleAlign aligns proteins with a substantially higher functional consistency than all competing methods and thus facilitates the transfer of functional annotations.
Finding conserved sub-networks
A major application of network alignments is the identification of conserved sub-networks across two species. Figure 5 shows two conserved sub-networks between yeast and human detected by ModuleAlign: module-based global alignment i661 ModuleAlign that do not appear in the alignments produced by other methods. These subnetworks correspond to replication factor C complex and DNA replication, respectively (with p-value < 10 À7 in both species). In both subnetworks, the proteins aligned by ModuleAlign have the same KO annotations, reflecting the high functional coherence between them. For yeast, some edges (shown by dotted lines) that are missing in our network are present in the String database (Szklarczyk et al., 2011) , with experimental evidence at the highest confidence. This could suggest that ModuleAlign is tolerant to (partly) missing interactions, an extremely useful property in the context of incomplete PPI networks.
Alignment of bacterial PPI networks
We also ran ModuleAlign to align the PPI networks of the two bacterial species Escherichia coli and Campylobacter jejuni for which the most complete PPI networks among all bacteria exist. The E. coli and C. jejuni PPI networks have 1941 nodes, 3989 edges, 1111 nodes and 2988 edges, respectively (Peregrin-Alvarez et al., 2009; Parrish et al., 2007) . Escherichia coli is a model organism for studying fundamental cellular processes such as gene expression and signaling. Table 3 shows that ModuleAlign achieves a significantly higher precision and recall than all other methods. ModuleAlign also outperforms other methods in terms of AFS whose absolute values are small due to insufficient GO annotations of bacterial proteins. This again indicates that ModuleAlign is able to align proteins with consistent functions.
Detecting conserved clusters in pathogen-human PPI networks
Bacillus anthracis, Francisella tularensis and Yersinia pestis can suppress or evade immune response to cause pathogenesis (Dyer et al., 2010) . They are known to interact with human proteins involved in the immune response pathway and to a lesser extent with the metabolism pathway. We have used ModuleAlign to align the pathogen-human PPI networks to discover the function of human proteins present in the clusters conserved between these pathogenhuman PPI networks. We used pathogen-human PPI networks for B. anthracis, F. tularensis and Y. pestis that were constructed using the yeast two-hybrid assay by Dyer et al., 2010. We ran ModuleAlign on each pair of pathogen-human PPI networks. In each computed alignment, we select the five largest connected components and submit them to PANTHER[33] to assign GO biological functions to the human genes that interact with pathogen genes. PANTHER is a comprehensive software system for inferring the functions of genes based on their evolutionary relationships. The function of the human genes contained in our top ranked clusters is reported at https://uchicago.box.com/ModuleAlign. In the statistical analysis we apply Bonferroni correction for multiple hypothesis testing. Only a biological function that shows at least 1.5-fold enrichment is reported.
For the three alignments, we generated six sets of clusters (each alignment can be mapped to either of the pathogen-human PPI networks). All six sets of clusters confirm that the pathogens target the human immune response and metabolism pathways. Moreover, for the first time we discovered that the pathogens target/interact with transport related proteins. Specifically, genes Sec31A and NPM1 that are present in the five largest clusters in all alignments generated by ModuleAlign are conserved across the three pathogen-human PPI. Sec31A is involved in ER to Golgi vesicle-mediated transport (GO:0006888) and protein transport (GO:0015031), and NPM1 is involved in intracellular protein transport (GO:0006886) and nucleocytoplasmic transport (GO:0006913). Similarly, genes MCM3AP and TINAGL1 are conserved across the three pathogen-human PPI networks and are present in the five largest clusters in all alignments (except between B. anthracis-human and F. tularensis-human) generated by ModuleAlign. MCM3AP and TINAGL1 genes are involved in mRNA transport (GO:0051028) and endosomal transport (GO:0016197), respectively. We further compare our results to alignments generated by L-GRALL (Supplementary Table S2 ). Among the five largest clusters, the alignment generated by ModuleAlign yields a higher number of functionally annotated clusters than L-GRAAL (2.67 versus 2.33 on an average). At the same time, the clusters generated by ModuleAlign are larger on an average (124 versus 82). The average purity of the clusters identified from the alignments (as measured by the number of genes associated with immune response, metabolism or transport pathway) is also higher for ModuleAlign than L-GRAAL (66 versus 40).
Running time
ModuleAlign is among the fastest global alignment methods. We report the running times of all methods for the alignment of the human with the yeast and fly networks, which are the largest networks in our benchmark. On a 1400 MHz Linux system with 2GB RAM, it takes NETAL, HubAlign, MAGNA þþ, L-GRAAL, GHOST and ModuleAlign 4, 15, 621, 64, 41 and 15 min, respectively, to align the yeast and human networks, and 7, 25, 757, 79, 50 and 30 min, respectively, to align the fly and human networks.
Discussion
We present ModuleAlign, a novel method for pairwise global alignment of PPI networks. ModuleAlign for the first time exploits module information to compute a homology score between proteins. It uses a novel strategy to find the best network alignment under a carefully designed scoring function. We have tested ModuleAlign on several PPI networks. We evaluated the output alignments using different performance measures and compared them with state-of-theart global network alignments methods such as NETAL, GHOST, HubAlign, MAGNA þþ and L-GRAAL. Experimental results show that ModuleAlign not only generates functionally consistent alignments efficiently but also is tolerant to partly missing interactions, a useful property in the context of incomplete PPI networks. ModuleAlign also finds several conserved and biologically important modules, which are missed by all other alignment methods. Moreover, network pharmacology is considered to be the next paradigm in drug discovery, where integrating network biology and poly-pharmacology is going to be the key to discovering drug targets (Hopkins, 2008) . Our improved network alignment algorithm can help in transferring the results of network pharmacology studies from model organism to humans.
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